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Dataset Cora CiteSeer PubMed
#Nodes 2708 3327 19717
#Edges 10 556 9104 88 648
#Features 1433 3703 500
#Classes 7 6 3
Negee 0.81 0.74 0.8
Poode 0.83 0.72 0.79
Dataset Actor Texas Wisconsin
#Nodes 7 600 183 251
#Edges 37526 492 750
#Features 932 1703 1703
Pege 0.22 0.06 0.17
Poode 0.22 0.10 0.15
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Methods Cora CiteSeer PubMed
GCN 85.3+0.9 76.4+0.8 86.1 £0.4
GCN-FH 86.5+0.5 77.3+£0.6 89.0£0.3
GAT 843+1.5 77.0£ 1.1 85.3+0.4
GAT-FH 84.8 £ 0.4 76.0 £ 0.4 86.7+0.3
GraphSage 84.1+ 1.4 80.1+£5.1 79.3+0.3
GraphSage-FH 83.8+£0.6 83.8+0.5 80.8+£0.3
Mixhop 753+£0.2 87.5+0.5 77.6 0.2
Mixhop-FH 73.3£0.5 84.2+0.4 78.6+0.3
GloGNN 76.4+0.2 74.6£0.3 75.5+£0.7
GloGNN-FH 76.8+£0.5 76.8£0.5 76.8+£0.5
Methods Actor Texas Wisconsin
GCN 71.2+£0.6 75.7+2.1 67.1£1.9
GCN-FH 72.5+0.5 78.1+1.9 69.2+1.8
GAT 72.0£0.6 773 +£1.8 69.8+£1.5
GAT-FH 75.8+0.4 792+1.4 70.5+1.3
GraphSage 70.4+0.7 74.2+2.0 71.5+1.8
GraphSage-FH 72.1+0.6 763+ 1.5 727+ 1.6
Mixhop 80.3+£0.4 79.7+£1.2 83.1+1.0
Mixhop-FH 82.5+0.4 81.2+1.2 83.9+1.0
GloGNN 82.4+0.2 82.6+0.3 82.5+0.7
GloGNN-FH 85.8+0.5 84.8+0.5 84.8 £ 0.5
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